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Abstract— In RoboCup, although the fields are standardized
and color coded, the area outside the fields often contains mg
objects of various colors. Sometimes objects off the field pa
look very similar to balls, robots, or other objects normally
found on the soccer field. Robots must detect all of these oljts,
and then differentiate between the true positives and false
positives. This paper presents a new method using Gaussian
fithess scores to differentiate between true positives andalse
positives for balls, robots, and penalty crosses. We also @sent
some other improvements in our code base following our 2012
championship, such as our usage of a virtual base for forward
kinematics calculations, our ability to flexibly transition player
roles given dynamic numbers of teammates, and our ability to
quickly integrate new kicks of varying speeds into our straegy.
With these improvements, our UT Austin Villa team finished
third in the Standard Platform League at RoboCup 2013. Fig. 1: 6 Naos on the 2013 RoboCup SPL field.

I. INTRODUCTION

RoboCup, or the Robot Soccer World Cup, is an interaccurately determine which instances are true positives. |
national research initiative that works to advance rolsotidhis paper, we present some of the major improvements
and artificial intelligence by using the game of soccer as ia our code base that were utilized at RoboCup 2013.
test domain. The long-term goal of RoboCup is to build an&pecifically, we present our usage of Gaussian fitness scores
program a team of 11 humanoid robot soccer players tht evaluate possible detected objects. In the past, our team
can beat the best human soccer team on a real soccer figked a series of binary cutoffs for sanity checks on each
by the year 2050 [1]. object measurement to determine which detected objects are

RoboCup is organized into several soccer leagues, inclutiue positives. In this work, we present a better method in
ing both simulation leagues and leagues that compete wiwhich, for each detected object, we simultaneously evaluat
physical robots. Our team, UT Austin Vmacompetes in a variety of object measurements to determine if the dedecte
the Standard Platform League (SBLYhe SPL uses teams instance is indeed the object of interest (a “true” posjtive
of identical Aldebaran Nao humanoid rolftsnaking it ~Additionally, we present our usage of a virtual base for
essentially a software competition. In the SPL, each teafarward kinematics calculations. We also discuss our igbili
competes with up to 5 Nao robots. Teams compete on a 9 by flexibly transition player roles given dynamic numbers of
6 meter field, with two identical yellow goals and white tapgeammates and our ability to quickly integrate new kicks of
marking the lines. See Figuré 1 for an example of the robowarying speeds into our strategy.
and field setup. UT Austin Villa has competed in the SPL A video highlighting our performance at RoboCup 2013
with the Nao robots every year since the Nao was introducegn be found ahttp://goo.glifcnO9V
in 2008. Over these years, we have built a substantial code
infrastructure for robot soccer that served as the baseuior o
championship in 2012 [2], [3]. A. Object Detection

Many objects surround a RoboCup field, many of which
may look similar to a ball or an opponent. For example, Iittled
children wearing orange shirts near the field may look lik
orange balls, while maroon flower pots scattered around t
field may resemble maroon opponents. Hence, it is critic
for a robot to be able to evaluate possible detections a

Il. RELATED WORK

We researched a number of alternative methods for object
etection in RoboCup when designing our approach. The B-
$uman team uses a sequential sanity checking method for

Al detection[4], similar to what we developed in [2]. The

tch Nao Team similarly uses blob detection as an under-
rN/:t‘lng mechanism for object detection, and use width- and
Yt cs. Ltexas. edu/ = AGSTRVilial height-based sanity checking for distinguishing goalsnfro
2http:/lwww.tzi.de/spl/ non-goals [5]. rUNSWift's approach differs from the blob
3http://www.aldebaran.com/ detection methods in that they use feature descriptors and a
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modified ICP algorithm to map field objects to expectationdlgorithm 1 Detection process for an arbitrary object.
[6]. To our knowledge, we are the only team using Gaussian procedure DETECTOBJECT(0)

fithess computations for simultaneous feature evaluations I + getCameraImage()
detected object candidates. C <+ classifyImageColors([)

B° < getBlobsByColor(C, getColor(o))
B. Mirtual Base F° < getFitnessValues(B?)

We found little discussion on the topic of coordinate frame b, f < argmax,cgo epo F°
selection in RoboCup literature. B-Human uses a torso-
centered coordinate frame that is rotated parallel with the if f> 6 then

ground plane [4]. This coordinate frame can be obtained by return b
translating the virtual base coordinate frame along théovec end if
(0,0,h)T, whereh is the torso height. In other words, the return nil

virtual base is B-Human'SorsoMatrix  projected onto end procedure
the ground. B-Human$orsoMatrix  and our virtual base
are analogous to thease _link and base _footprint
coordinate frames found in ROS [7], respectively.

« Green or white percentage below the ball
C. Transitioning Player Roles » Circle deviation

. — « World height (i.e. the Z coordinate in the world frame)
Our dynamic transitioning of player roles such that key « Discrepancy between width-based and kinematics-based
roles were filled quickly and efficiently was motivated

. S distance estimates
by previous work completed by the UT Austin Villa 3D . Distance from field edges along the ground plane (0
simulation team[8]. In their work they found a valid role within the field)
assignment function that minimized longest distance from Velocity between frames
each player to it's target location, avoided collisionsdan

was dynamically consistent. However, in our work we focus NOte that width-based distances are determined with
more on ensuring players filling critical roles can arrive if'i9onometry based on the detected and known ball width,

their new location quickly. Additionally, we do not account2nd kinematics-based distances use image coordinates and
for potential collisions when deciding which players sfbul the camera matrix to project pixels onto the ground plane.

fill which roles, as our estimates of where teammates and FOr €ach of these measurements we empirically determine
opponents are on the field are imperfect. a mean and one-dimensional standard deviation by exam-

ining individual measurements from known detections. We
I1I. UTILIZING GAUSSIAN FITNESSSCORES FOROBJECT  compile the means into a single feature vector, and use the
DETECTION standard deviations to define a diagonal covariance matrix.

This year we introduced a significant improvement to oup®me measurements, such as orange percentage, are bounded
object detection system [2] in the form of Gaussian fitnesdy & particular range and thus may not exhibit truly Gaussian
estimates based on perceived object statistics. Our methig¢ctuations about a mean. Analysis of past readings may
involves empirically determining a mean feature vector foPhOW an average orange percentage of 90%, but it is clear
the target object based on a number of quantifiable measutat 100% is optimal and we should not be penalizing blobs
ments. We then evaluate potential detections with respd@ having all orange pixels. In cases where the measurement
to this mean and determine a confidence score for eat#g€ is bounded, we select the optimal value as the mean.
detection. This method served as our primary sanity checkiry ©F the orange percentage measurement, this implies that we
mechanism for ball, robot, and penalty cross detection. TH&t the mean to 100%.
sequential sanity checking implementations describe@jin [ FOr completeness, we also present the statistics used for
proved adequate for field lines and goals, so these were H8POtS:
prioritized for conversion to the Gaussian fitness checking « Width over height
method. « Height over width
. « (Kinematics-based distance)/(width-based distance)

A. Measured Satistics « (Kinematics-based distance)/(height-based distance)

To illustrate our method we present a high-level overview « Percentage of correct jersey color found in the jersey
of our detection algorithm with the statistics measured for  blob
each object. We begin by classifying the image and forming « Percentage of green/white/grey pixels found below the
blobs as described in [2]. Algorithid 1 describes the general jersey
detection process. Our method is concerned with the imple-, Percentage of jersey color/green/white/grey pixels found
mentation ofgetFitnessValues . along the whole robot

For orange blobs (i.e. potential ball detections), we com- « Chest height
pute the following:

« Orange percentage within the ball As well as for the penalty cross:



« Green percentage in each octant around the cross
« Distance from known cross location

o Cross height

o Cross width

Once we have computed a set of measurements ab
a particular blob, we organize these measurements into
vector which is then analyzed with a multivariate Gaussia
distribution to produce the fitness computation.

B. Fitness Computation

To compute the fithes® for a particular detection, we
use the standard multivariate Gaussian RBkith meangu
and covarianc&, weighted such thaP(y, 4, X) = 1.0.

Gz, 1, %) (1) ;bﬁ;

G, p, %
. . (b 1, %) . Fig. 2: Front and top views to demonstrate the location of the irtua
This method allows us to simultaneously evaluate a variease by the striped ellipses between the feet (front vievd) ia
of object measurements in a manner similar to a suppatie middle of the head (top view).

vector machine (SVM). Rather than identify a series of
binary cutoffs for sanity checks, we essentially constauct
hyperplane for binary classification. In practice, thisinogt the torso at which all kinematic chains between extremities
was comparable in effectiveness to our earlier approachesincide.
of hand-tuning sequential sanity checks with a handful of In RoboCup, the torso-centered coordinate frame can be
added advantages, including the ability to discern betwegmoblematic. The field is flat, and objects of interest are
competing candidates and the ability to process measumdmost always on the ground. Any intuitive coordinate frame
ments in parallel. In circumstances where a detection lieshould therefore have no X or Y rotation and should be
near a threshold for one particular measurement, our methoéntered at some point on the ground plane. This ensures
is still able to recover the object of interest consistentlyhat world objects on the field can be represented with a
based on the other measurements being considered. Irz-aoordinate of 0. Additionally, a robot's egocentric fram
sequential checking system, it is far more likely for a singl should remain at some location that is central to the robot,
bad measurement to throw off an entire detection. allowing for symmetric definitions when designing body

More sophisticated classification techniques such as SVMovements. For example, stepping forward with the left foot
were considered as well, but our method was chosen bas@ight require a relative foot position ofz,y,0), which
on the following advantages: would imply that stepping forward with the right would

« Mean and standard deviation values can be estimatégquire a relative foot position dfr, —y,0).

and adjusted with ease, without the need for training. No body part exists on a humanoid that meets these
« Feature vectors can be understood and debugged bygenstraints. The centered body parts of the robot, such as

Pz, p, %) =

human. the torso and head, are all elevated, with their ground tsffse
« Computations are fast and can be carried out on a largbifting as the robot moves. Likewise the ground-level body
number of candidates each frame. parts, i.e. the feet, are not in the center. We thereforeechos

The output of our method is naturally a real number in th& construct a virtual body part to meet these criteria, Whic
range [0,1]. Currently we use a cutoff of 0.3 to distinguish &€ call thevirtual base.
true positive from a false positive, corresponding to agpro  !ntuitively, the virtual base is the point on the field dirgct
imately 1.5 standard deviations in the univariate case. Og€low the torso with no X or Y rotations relative to the
future work includes making better use of these confidendound plane, and no Z rotation relative to the torso. Fii@ire
values, either with individual object filters or in the oviera Shows the top and side views of the virtual base location for

localization system. a particular pose. . o .
The base transformation matrix is constructed and applied
IV. VIRTUAL BASE FORFORWARD KINEMATICS to other body parts as described in Algoritith 2, using
CALCULATIONS pre-calculated transformation matrices in the torsoeut

A standard implementation concern on multi-pedal robatoordinate frame. The stance foot is taken as the foot with
systems is the choice of a consistent egocentric coordinatee greatest sum of pressure readings, on the assumption
frame for describing world objects and body parts. A goothat the foot that the robot is standing on will experience
choice of coordinate frame will allow the programmer ofgreater pressure than the other foot. While the Nao pressure
such a system to intuitively understand the spatial relsensors aren't accurate enough for precise calculatibiss, t
tionships between these objects in the environment. Feort of binary decision is quite accurate in practice. When
humanoid robots, a simple solution is to use the point ithe pressure sensors yield similar values, this indicdtas t



both feet are flat on the ground. In this case, the position The strategy works by having each robot communicate
and rotation of the virtual base is the same regardless of theth its position as well as a bid on being the chaser
stance foot that is selected. whenever it sends messages to its teammates. This bid is
calculated based mainly on the robot's distance from the
Algorithm 2 Construction and application of the virtual basepg||, its angle to the ball, and whether chasing the ball
Once the virtual base is computed in the torso coordinaigoyid require going downfield or upfield. The robot with
frame, all other body parts are converted to the virtual basgie pest bid becomes the chaser and tries to approach and

frame and placed iB".

Computet/, the torso in the foot frame:
ft < stance foot in torso frame
tf « (f*)~! = torso in foot frame

Computev/, the virtual base in the foot frame:
v/ « identity transform
(vf,v),v]) « (t].],0)

vf « rotateZ(v/, getAngleZ(t)))

Computev?, the virtual base in the torso frame:
v < globalToRelative(v/,t/)

Compute all body parts in the virtual base frame:

B! < Body parts in torso frame
B+
for all b € { Body Parts} do
b? < globalToRelative(b?, vt)
BY + B U {b"}
end for
return BY

kick the ball according to the kicking strategy described
in Section[V-B. The remaining players are assigned to the
remaining roles, such as playing as a forward, defender, or
midfielder. Each of these roles is specified using parameters
such as the desired positions relative to the ball, maximum
distances to be traveled upfield, and how the robot can
position to prevent open shots at its own goal.

If fewer than five robots are on the field, roles are filled in
order of priorities that are assigned to each position. Give
the roles that are currently active, robots are assigned to
these roles based on their distances from the roles’ desired
locations. As many of these role positions are symmetril wit
respect to the side direction, the roles are largely asdigne
based on the difference between the robot’s location and the
role’s desired location along the dominant field dimension.

To adapt more fully to the current game situation, the
priorities and locations of the roles can be adjusted based
on the region in which the ball is located. In addition, these
formations can be adjusted based on the current game score
as well as the time remaining in the game. All role locations
and priorities can be quickly adjusted via configuratiorsfile

In addition to these changes, the strategy was improved

This coordinate frame is used throughout the codebal® More fully reason about passing and set plays. While the

for visual object positions, body part transforms, and bod T Austin Villa team previously pos_,itioned robots in order t
motions. This choice of coordinate frame is intuitive fostte ' cC€VE PASSES and preferred passing to teammates, tfte robo

ing and debugging, allows for simple conversions betweeﬁ’fd not communicate their pass intentions. One improvement

local and global coordinates, and ensures that coordinates introduced by the 2013 team was to communlcgt_e when a
consistent over changes in stance. pass was about to occur, which allowed the receiving player

to adapt to the expected destination of the pass. Furthermor
V. BEHAVIORAL IMPROVEMENTS more set plays for the kick off were introduced, and the
In addition to the improvements discussed in Sections Inobots autonomously chose which set play to use based on
and[I¥, UT Austin Villa made some other improvementghe team’s locations as well as the location of the opponents
between RoboCup 2012 and RoboCup 2013 that were alSimilarly to the role configurations, these set plays were
apparent in games. Most notable was our ability to flexiblgasily specified via configuration files. As discussed in [3],
transition player roles given dynamic numbers of teammatée simulation tool developed by the UT Austin Villa team

and our ability to quickly integrate new kicks with varyingProved invaluable to testing the various formations and set
speeds into our strategy. plays that were used in competition.

A. Transitioning Player Roles Based on the Number of B. Quickly Integrating Kicks of Varying Speeds

Active Players UT Austin Villa has a kick engine that can kick various
Given that teams played with five players at RoboCuplistances in addition to several kicks that can be executed
2013, as opposed to the four players used in 2012, the abilidyrectly from the walk engine. In addition, UT Austin Villa
to coordinate players became even more important in 2018lso developed a longer kick based on one designed by
In addition, given the number of robots that are removeNorthern Bites [9] in the 2012 competition. This kick was
from the field due to penalties and failing hardware, it isvit added to adapt to the larger 9m by 6m field that was
that the team be able to adapt to a variety of players beingtroduced for the 2013 competition. All of these kicks
on the field. UT Austin Villa had planned about strategiesequire different amounts of execution time, go different
for these settings in past years, but this year we introducelistances, and travel within different accuracy ranges of
code that allowed us to quickly adapt the strategy of the teatheir desired direction. These kicks can all be integrated b
during the competition itself. planning about the destination of the kick and how the team



Fig. 3: Setup for the baseline and velocity experiments. Fig. 4: Setup for the height experiment.

would like to move the ball as described in [10]. In additionand forth. After ranking detections based on the first frame
we introduced some reasoning to avoid making slower kicksf data, the detector settles on the left ball, which biases
when opponents were detected within a specified distana#f subsequent detections. As we see in Table 1, the chance
and angle to the kicker. This adjustment served to avoidf switching back to the right ball is significantly reduced.
having shots blocked by opponents walking into the desirdtl is worth noting that this distinction can be arbitrary - if
path of the kick while the kick is executing. The ease ofhe detector were to have selected the right ball first, then
adapting the strategy to the lengths of kicks proved es|heciathat would bias future estimates toward the right ball. I th
useful due to the differences in the kick distances at difier setting of a RoboCup game, our teammates share estimates of
venues. the ball location. The effect of this is that the ball seleldby
the team is reinforced as the true ball, reducing the pdigibi
that a ball off the field might be chosen by a particular robot.
Our method of computing fitness scores in object detection )
provides a useful improvement over binary accept/rejeg' Height
approaches. Here we show the ability of the ball detector In this experiment we place an object under the right ball
to consistently and significantly differentiate and ran& itto increase its height, which in turn increases the discrepa
detections. We present a variety of experiments involvingetween width-based distance and kinematics-based déstan
an object of interest (the left ball) and a decoy (the rightalculations. This is demonstrated in Figure 4. Velocity
ball). These experiments show that the ball detector is ableeasurements were disabled for this experiment to remove
to use computed fitness values to effectively rank and discethe bias toward the ball that was previously selected. Table
between the two balls. again shows a strong preference for the ball that is on the
ground.

VI. EVALUATION

A. Basdline

We begin with our baseline in which two nearly identicalP- S28
ball detections are found side-by-side, as shown in Figlre 3 This experiment uses a larger soccer ball as a decoy, as
Ideally, two such detections would yield identical fitnesshown in Figurd1s. This experiment works similarly to the
values. We sampled fitness computations from 500 fram@sevious one in that the ball distance estimates are thrown
and obtained mean values of .92 and .89 with standard dewff, in addition to worsening “orangeness” measuremen¢s du
ations of .04 and .02 for the left and right balls, respedfive to the blackened areas of the ball. As we see in Table 1,
Assuming Gaussian distributions, this implies a 73% chandbe left ball is strongly preferred as expected, however the
of picking the left ball over the right. This bias can besoccer ball’s fithess value is still high enough that it cduogd
explained with subtle differences in lighting conditioi®ie  detected as the object of interest in the absence of a better
following experiments exhibit more pronounced biases thaiandidate. By allowing for candidate ranking, we're able to
are the result of significant differences in fitness values. ensure a negligible chance of picking the soccer ball over

i the actual ball.

B. Welocity

To demonstrate the effectiveness of detection ranking, we COMPetition Overview
begin by looking at velocity measurements. Accounting for After placing first at RoboCup 2012 in the SPL, UT
perceived velocity allows the ball detector to avoid switgh  Austin Villa finished third at RoboCup 2013 in Eindhoven,
randomly between ball candidates when there are multiplehe Netherlands. 22 teams entered the 2012 competition,
valid detections in view. We use the same setup as in Figvhere the tournament consisted of two round robin rounds,
ure[3, however in this case we include velocity measuremerftdlowed by an elimination tournament with the top 8 teams.
as part of the fithess computation. By setting the expectéihe first round consisted of a round robin with seven groups
velocity to 0, we can essentially tell the detector to prefeof three teams each, with the top teams from each group
choosing one ball consistently rather than switching backdvancing. In the second round, there were four groups of



VII. CONCLUSION

This paper introduces our usage of Gaussian fitness scores
to evaluate possible detected objects. For each detected ob
ject, we simultaneously evaluate a variety of object measur
ments to determine if the detected instance is a true pesitiv
Using this method, instead of a series of binary cutoffs for
sanity checks, allows us to essentially construct a hypaspl
for binary classification. We found that using this method
was similar in effectiveness to hand-tuned sequentialysani
checks, but provided the additional benefit of simultaneous
measurement evaluation. In cases where a detected olfect li
near a threshold for a particular sanity check, using Gauossi

Fig. 5: Setup for the size experiment.

Experiment | p, 0 (Lef) | p,o (Right) | Po Ps fitness scores allows us to still recover true positives dase
Baseline .92, .04 .89, .02 7291 0.68 . . .
Velocity 88, 12 15, .20 9992 1 0.00 on the other measurements considered. Hence, using fltne_ss
Height .90, .02 .78, .04 9965 | 0.87 scores makes it less likely that one bad measurement will

Size -89, .04 39,.01 | >.9999 [ 1.00 falsely eliminate true positives.

TABLE 1: Statistics for computed fitness values for the given We also introduce other improvements that were made in

experiments. Each experiment uses a sample of 500 frafes. our code base for RoboCup 2013, including our usage of a

represents the probability that the new Gaussian methdds@léct  virtual base for forward kinematics calculations, our il

the object of interest (i.e. the left ball). This calculatiassumes all , feyiply transition player roles given dynamic numbers of

fitness values are normally distributd®s represents the probability o . : .

of the same event using the original sequential checkindookein teammgtes, and our ability to quickly Integrgte new kicks

the same experimental setup. of varying speeds into our strategy. Combining all of our
improvements helped us play cohesively and intelligently a
RoboCup 2013, allowing us to finish third in the SPL.

four teams each, with the top two teams from each group

advancing. From the quarterfinals on, the winner of eacfh]

game advanced to the next round.

All of UT Austin Villa’s scores are shown in Tablgl 2
and discussed shortly below. We document the competitiouL?]
results in this paper as an informal evaluation of the team as
a whole.
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